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Abstract. The use of Artificial Intelligence (AI) techniques in radiologi-
cal workflows is increasingly becoming mainstream. However, the uptake
of AI techniques is still low in low-resource settings in places such as the
Global South. This paper presents a study conducted in a setting with
low AI uptake, to determine the impact of AI on Radiologists’ workload
when interpreting medical images. Two (2) AI models—a classification
model and detection model indicating potential areas of interest—were
implemented to facilitate the semi-automated interpretation of medical
images for Pneumonia. In addition, a Web-based DICOM Viewer was
implemented to interface the AI models. To determine the appropriate
model configuration, two (2) experts—a Radiologist and Radiology Resi-
dent—participated in a focus group discussion aimed at determining how
the AI models could facilitate interpretation processes. A comparative
controlled experiment was subsequently conducted with 12 Radiology
Residents at a large University Teaching Hospital, to assess the impact
of AI on the workload and its perceived usefulness. NASA Task Load In-
dex (TLX) and Technology Acceptance Model (TAM) 2 questionnaires
were employed to measure the workload and usefulness. The results in-
dicate that the perceived workload is significantly less when using the AI
solution, with an overall NASA-TLX score of 1.86. Furthermore, the per-
ceived usefulness of the AI solution is demonstrated through the positive
responses for all the eight TAM 2 constructs. This study experimen-
tally demonstrates the potential of utilising AI for the semi-automated
interpretation of medical images in low-resource settings.

Keywords: Artificial Intelligence · Classification · Detection · DICOM
· Medical Images.
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1 Introduction

The lack of availability of adequate radiological resources in health facilities
in low-resource settings is well documented [12], with factors such as shortfall
of Radiologists and unavailability of required infrastructure cited as the major
factors.

The rapid advances in the field of Artificial Intelligence (AI) provides oppor-
tunities to address the many challenges associated with radiological workflows.
However, the adoption of such AI solutions has been slow in resource-poor health
institutions in regions such as the Global South.

This paper presents work conducted in a Global South country, Zambia,
to explore how AI could be deployed and integrated within medical imaging
workflows and, additionally, assess its effectiveness.

In order to execute the study, pneumonia was used as a case pathology. Pneu-
monia is reported to have been one of the top 10 leading causes of both morbidity
and, additionally, one of the top five leading causes of mortality in Zambia in
2021; Pneumonia was the second highest cause of death in 2021, contributing to
11.4% of the total deaths [19]. The increase in Pneumonia cases and reported
shortage of Radiologists in Zambia presents a challenge with effective diagnoses,
especially in regards to medical image interpretation. Artificial Intelligence (AI)
has been identified as a potentially viable approach to effectively and efficiently
interpreting medical images. These tools will be used to assist clinicians in the
radiographic diagnosis of Community Acquired Pneumonia (CAP), helping them
to select patients eligible for antibiotic therapy.

While the use of AI in health facilities in Zambia is still in its infancy, our
previous work has, in part, identified opportunities for leveraging AI [28]. In
addition, we have demonstrated the feasibility of deploying Enterprise Medical
Imaging technologies such as Picture Archiving and Communication Systems
(PACS), which provide the base infrastructure required for the deployment of
AI-based solutions.

This work was aimed at demonstrating how Artificial Intelligence (AI) can be
leveraged to support the semi-automated diagnosis of pneumonia in low-resource
settings characterised by experts with little experience working with AI centric
solutions.

The main contributions of this work are as follows:

• Results from Radiologists and Medical Doctors’ perceptions on the use of
AI for the semi-automated interpretation of medical images

• Experimental results on the usefulness of using classification, localisation
and detection models

The remainder of this paper is organised as follows: Section 2 outlines state-of-
the-art literature related to this work; Section 3 describes the methodological
approach used to execute studies associated with this work; Section 4 provides
the presentation of findings and their interpretation and, finally, Section 5 out-
lines concluding remarks and future work.
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2 Related Work

2.1 Pneumonia in the Global South

Pneumonia is an acute respiratory infection responsible for a significant global
disease burden as measured by the loss in Disability Adjusted Life Years (DALYs)
[6] The impact of pneumonia is much more severe in developing countries due
to low rates of childhood immunisation, poor nutrition, overcrowding, smoking
and increased at-risk populations with comorbid immunosuppressive conditions
such as HIV infection. In Zambia—for instance—Pneumonia remains among
the top causes of morbidity and mortality (1). Chest radiography is recognised
as the standard reference for the diagnosis of CAP [3] as there are no reliable
clinical features, individually or in combination, to establish the diagnosis [11].
However, developing countries are faced with a critical shortage of Radiologists
for effective interpretation of the chest radiographs. Management of suspected
CAP has typically involved empirical treatment with broad spectrum antibiotics,
with recent observations provoking concerns for contribution towards the rise in
antimicrobial-resistant strains [4]. Therefore, tools to support clinicians in the
radiographic diagnosis of CAP would assist in the careful selection of patients
eligible for antibiotic therapy.

2.2 Automated Interpretation of Medical Image

Existing literature highlights three image recognition techniques—classification,
detection and localisation—and segmentation as the broad category of approaches
that are employed when applying AI within medical image interpretation work-
flows. Fournier and Chassagnon provide a comprehensive description of these
approaches, including case scenarios when such approaches are applied [7]

A number of AI models have been proposed to aid in the interpretation of
variable radiographs and pathologies, including detection of pneumonia. Chumbita
et al. provide a review of how AI can potentially be used to improve the manage-
ment of pneumonia [5]. Another review by Stokes et al. investigates performance
and reporting of AI systems for pneumonia detection [22].

In addition, there are more focused studies that have resulted in the imple-
mentation of AI models for detecting pneumonia. For instance, Li et al. propose a
deep learning for detecting pneumonia [10]. Other studies include work by Račić
et al., who demonstrate how chest x-rays can be processed by AI algorithms to
support decision making [17].

Existing work aimed at evaluating the effects of AI solutions on radiological
workflows suggests different aspects of the perceptions practitioners have towards
AI tools [8, 27]

3 Methodology

A mixed-method approach was employed when conducting this study, with the
CRoss Industry Standard Process for Data Mining (CRISP-DM) [26] methodol-
ogy used to guide the overall research process.
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Ethical clearance was granted by The University of Zambia Biomedical Re-
search Ethics Committee (Reference Number: 2731-2022) and The National
Health Research Authority (Reference Number: NHRA000024/10/05/2022), to
conduct this study. In addition, formal permission was granted from The Uni-
versity Teaching Hospital (UTHs).

3.1 Pneumonia Classification and Detection Models

The goal of this study was to comprehensively evaluate the perceived use of
AI models for the semi-automated interpretation of medical images. Two Pneu-
monia AI models—a binary classification model and a detection model—were
implemented, in part, to determine the appropriate approach for integrating AI
solutions into medical imaging workflows.

The classification model was built using transfer learning from VGG16 [21]
on the Paul Mooney chest x-ray dataset [13]. The full implementation is public
[2]. The detection model was trained on the RSNA dataset, full implementation
and data is public [1].

The two models were deployed by implementing a Web-based interface which,
aside from rendering responses from the model, provided comprehensive DICOM
Data Element metadata. The interaction between the Web-based interface and
the models was facilitated by a Web service, implemented to accept requests
from the Web interface and produce responses from the models.

The AI models were implemented to use a DICOM file as input. The binary
classification model was implemented to signal if a given input DICOM file was
associated with Pneumonia.

The Python programming language was used to implement the models, pri-
marily using the Kaggle platform for training and community support. The pub-
licly available “RSNA Pneumonia Detection Challenge” [16] and “Chest X-Ray
Pneumonia” [13] datasets were used to train the detection model. The Web ser-
vice was implemented using Python Flask [15], while the Web interface was
implemented using Next.js [25]]. Standard classification [18] and detection [14]
performance metrics were employed to assess the effectiveness of the two models
as outlined in Section 4.

3.2 Effectiveness of Semi-Automated Interpretation

The adoption of AI in radiological workflows at UTH is still in its infancy and as
such, to evaluate the potential of using AI for the semi-automated interpretation
of medical images, experiments were conducted to assess the effect of AI on
the turnaround time and workload. In addition, the perceived usefulness of AI
solutions was assessed.

Semi-Automated Medical Image Interpretation Approaches In order
to determine how the classification and detection models would be integrated
within the medical imaging workflow, a virtual focus group discussion was held
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with two Key Experts: a Radiologist (Radiologist 1) with 5 years experience and
a Radiology Resident (Radiology Resident 1) with 1 year experience. The two
Key Experts were sampled using convenience sampling from UTHs.

The discussion with the Key Experts was focused on determining if the AI
intervention should be deployed with either one of the two models or a combina-
tion of the two models. In addition, the Key Experts were requested to provide
feedback on potential changes that could be made to the Web-interface.

Evaluating Perceived Workload and Usefulness A controlled experiment
was conducted in order to experimentally evaluate the AI toolkit through the
measurement of perceived workload, usefulness and usability.

To evaluate the perceived workload and usefulness, a comparative analysis
was conducted by comparing the AI solution (AI Intervention) with the conven-
tional way of interpreting medical images (Baseline), generally involving the use
of DICOM Viewers.

Evaluation of the perceived workload and usefulness associated with the AI
intervention was conducted with participants—Radiology Residents and General
Practitioners—sampled from UTHs. UTHs has a shortage of Radiologists, as
outlined in our prior work [28] and as a result, Radiology Residents and General
Practitioners are compelled to interpret medical images. The participants were
sampled using convenience sampling.

Measurement Instruments. The NASA Task Load Index (NASA-TLX) in-
strument [9][23] was used to measure the participants’ perceived workload. The
NASA-TLX instrument measures subjective workload scores using a weighted
rating of six subscales—Mental Demand, Physical Demand, Temporal Demand,
Performance, Effort and Frustration.

The perceived usefulness and usability of the AI toolkit was measured using
the Technology Acceptance Model (TAM 2) instrument [24]. TAM 2 facilitates
the measurement of users’ perceived usefulness and perceived ease of use of a
technology, along with additional social influence and cognitive instrumental
processes, to predict their intention to use the technology.

Task Design and Experiment Procedure.Study participants were required to
interpret a Chest X-ray positive for Pneumonia using the two approaches—the
implemented AI solution, a combination of the classification and detection mod-
els—AI Intervention—and the conventional way of interpreting medical im-
ages—Baseline. Counterbalancing of interpretation approaches was employed by
changing the order in which the two approaches were used.

Participants were briefed about the study and subsequently required to sign
an informed consent form. Participants subsequently performed the experiment
tasks, completing the NASA-TLX immediately after performing the predefined
task using each of the two approaches. After completion of the task using the two
approaches, the participants were required to complete the TAM 2 questionnaire,
to provide their perceived subjective views of using the AI toolkit.
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4 Results and Discussion

Fig. 1. A screenshot of the localiser interface.

4.1 Pneumonia Classification and Detection

The classification model had an accuracy of 72% and the detection model had
an Intersection over union of 12% and precision of 15%. In addition, the recall
for the detection model was 79%, with a 30% overlap threshold in area to count
it as a hit. The basis of the threshold was the observed tendency of the model
to draw the regions larger than the annotated drawings.

The classification accuracy, was lower than some existing studies [20] future
training will work with these and better workflows. However, the low Intersection
over union is primarily attributed to the model’s tendency to give false positives.
Drawing the boxes larger than the annotating radiologists. A proposed mitiga-
tion was using the two (2) models together such that the bounding model would
only act when the classification model returns a positive result.

4.2 Efficiency and Effectiveness of Semi-Automated Interpretation

The focus group discussions held with the two experts indicate that the ideal
configuration would have to combine information from both the classification
model (text indicating the positivity of the semi-automated interpretation) and
detection model (bounding boxes indicating the potential areas of interest). [Ra-
diologist 1] indicated that they preferred the combined method, further suggest-
ing changes to technical terms used in the Web interface. The message from
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the classifier was changed from “This case is suspected Positive for pneumonia
by a model with 73% accuracy” with the “positive” in red to “This radiograph
is considered suspicious for pneumonia by a model with 73% confidence” with
considered suspicious bounding box in yellow. In addition, [Radiology Resident
1] also preferred the combined approach, and suggested images be sent to the
model and processes as soon as they’re onboarded without needing to click a
button. Figure 1 shows a screenshot of the interface combining results from the
classification and detection models.

A total of 12 participants—one (1) Radiologist, six (6) Radiology Residents
and five (5) Other Practitioners—participated in the comparative study to assess
perceived workload and usefulness associated with the AI solution. While the
participants were generally aware of AI based on the discussions around the
experiment, none of them stated they had experience applying AI solutions when
interpreting medical images.

Perceived Workload The NASA-TLX average workload (mean weights for
each practitioner in each category) for the AI Intervention and the Baseline
were 1.86 and 2.22 (lower numbers are better), respectively, indicating that the
perceived workload for the AI Intervention is lower than the Baseline. Figure 2
shows the mean weights for each of the six (6) NASA-TLX subscales, grouped
by interpretation approach.

The results further indicate that the perceived workload was noticeably lower,
when using the AI Intervention, for the “Mental”, “Physical”, and “Effort”. This is
arguably the expected effect of an AI solution since automation results in users
performing significantly less tasks. While the workload was lower when using the
Baseline for “Temporal”, “Performance” and “Frustration”, the variation was not
significant. More importantly, however, the perceived less workload for “Tem-
poral” is arguably because participants were already familiar with interpreting
medical images associated with Pneumonia while using DICOM Viewers. The
same argument can be made for the lower score for “Performance”, since users
are generally more effective when using tools they are familiar with. Finally, the
lower score for the “Frustration” subscale is likely due to the fact that partici-
pants were interacting with the AI Intervention for the first time.

Ultimately, the results of the perceived workload evaluation, especially sug-
gest a need to expose Radiologists and General Practitioners at UTHs to AI
tools. This view is shared by RAD-AID, who propose a three-pronged approach
for AI adoption in resource-constrained environments [12]

Perceived Usefulness The results from the TAM 2 questionnaires were anal-
ysed using the eight (8) TAM 2 constructs using the standard approach for
analysing TAM 2 responses . The results of the analysis are shown in Figure 3.

Most of the participants had positive responses for all the eight TAM 2
construction, with participants overwhelmingly agreeing with “Intention to Use”,
“Results Demonstrability” and “Voluntariness”. Some participants, in particular,
negatively rated the “Job Relevance” and “Output Quality”.
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Fig. 2. NASA-TLX Mean Weights comparison between AI intervention and baseline.

The negative response for “Output Quality” can arguably be because that
single participant disagreed with the result of the model. That was the sole
participant that rated the section negatively. The negative responses linked to
“Job Relevance” can mostly be attributed to Radiologists that have extensive
experience interpreting medical images linked to Pathologies like Pneumonia
and it can be argued that they would likely agree with the relevance of more
challenging modalities to interpret..

Participants’ Comments Participants were required to provide optional com-
ments regarding the AI intervention. The comments—outlined below—ranged
from recommendations on how to use such AI solutions and, additionally, sug-
gestions on how to improve the solution.

“Needs to be in the right hands, users should be able to interpret (medical
back)” [sic] [Participant 4]

“I would only recommend radiology residents and radiologists to use such
tools. As other doctors may have challenges”[sic] [Participant 4]

“Strong recommended working with specialised pneumonias” [Participant 7]
“There should be a way of inputting the medical details with the xray” [sic]

[Participant 9]
“wouldn’t recommend for complex imaging. Like CTs” [sic] [Participant 11]
The comments support the results from the TAM 2 usefulness evaluation and

in particular, results associated with the “Subjective Norm”, “Job Relevance” and
“Perceived Ease of Use” TAM 2 constructs.
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Fig. 3. Radar Chart illustrating the summary of the usability evaluation results.

5 Conclusion

This paper detailed a study conducted in a low-resource setting of a Global
South country in order to demonstrate the perceived effectiveness of utilising AI
solutions to address challenges characteristic of radiological workflows. Pneumo-
nia was used as the case pathology in order to assess the effect of the AI solution
on the workload and potential usefulness of the solution.

The results from this study arguably provide vital insights into perceptions
of Radiologists and General Practitioners on the impact of AI solutions when
applied to radiological workflows.
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Medical Imaging in Zambia” project. The project is funded through generous grants
from Google Research, Data Science Africa and The University of Zambia. We are very
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